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Turbomachines are categorized as either reaction or impulse machines based on the proportion of 
dynamic and static heads involved in energy transfer. Reaction turbines are characterized by the 
passage of the working gas through a set of stationary blades, referred to as stator blades. These 
stator blades serve to control the �uid's movement and enhance its velocity. On the other hand, 
impulse turbines feature a set of �xed nozzles through which the working �uid �ows. These nozzles 
convert the pressure energy of the working medium into kinetic energy. Reaction turbines operate at 
high temperatures and pressures, constituting oil-free exhaust systems. They are typically employed 
in applications where such conditions are essential. Impulse turbines, on the other hand, are 
designed for extracting energy from swiftly moving �uids, making them particularly well-suited for 
hydroelectric power generation. Both reaction and impulse turbines have undergone extensive 
experimental research. A dataset comprising one hundred and ninety-seven (197) data points was 
generated from these turbine machines. Of these, one hundred and twenty (120) were derived from 
reaction turbines, while seventy-seven (77) were obtained from impulse turbines. The datasets were 
employed to develop models using ANN, ANFIS, and ANN-PSO within the MATLAB environment. For 
the reaction turbine, the ANN-PSO model achieved the highest regression test value (R²) of 0.9972. On 
the other hand, for the impulse turbine, the ANN model attained the highest regression value, with an 
R² of 0.99973.
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Introduction
Turbines are machines designed to generate sha� power and 
torque by harnessing a momentum shi� within the working 
medium that passes through them [1]. �is medium can be in 
the form of vapor, gas, or liquid. To achieve the necessary high 
velocity for meaningful momentum changes, substantial 
pressure disparities between the turbine's exhaust and inlet are 
essential [1]. Pressurized gas sources can include previously 
compressed (and possibly heated) gas, as in a gas turbine, or in 
the turbine of a turbocharged internal combustion engine (IC). 
In power plants, nuclear fuels or fossil fuels are employed to heat 
large quantities of water into high-pressure steam vapor.

A turbine then converts the energy of the steam into 
mechanical work, driving electric generators [1]. �is crucial 
process provides the electrical power used in our homes and 
businesses. Impulse turbines utilize buckets on the runner to 
harness the kinetic energy of a water stream [2]. A�er striking 
the buckets and driving the runner, the working medium exits 
the turbine housing. Impulse turbines are particularly 
well-suited for sites with high head and low �ow rates. Turgo, 
Pelton, and cross-�ow turbines represent di�erent types of 
impulse turbines [2]. Speci�cally, Pelton turbines excel in 
locations with high water drops and low �ow rates [2]. �ese 
turbines feature a circular disk a�xed to the sha�, which is 
linked to the generator's rotor. Buckets are arranged around the 
circumference of the disk, such that when the working �uid 

impacts the buckets, they move along the tangent of the disk, as 
illustrated in Figure. 1. �e e�ciency of the Pelton turbine is 
capped at 90% due to nozzle losses, frictional losses, and 
aerodynamic drag. As the load on the turbine �uctuates, so does 
its speed, thereby a�ecting the frequency of electricity 
generation [2]. To maintain the turbine's speed and frequency, 
the �ow rate through the turbine is regulated by a valve 
positioned on the jet [3].

Impulse turbines consist of multiple nozzles, followed by a 
row of blades. In these nozzles, the working �uid expands, 
transforming high thermal energy into kinetic energy. �is 
transformation can be described by the relationship [4]:

                                                        (1) 

�e velocity of the working �uid, denoted as V, and the 
nozzle height, represented by h, are key factors in the operation 
of turbines. When the high-velocity �uid strikes the blade, a 
substantial amount of the kinetic energy from the circulating 
gas or steam is converted into sha� work for the turbine. As the 
�uid travels through the nozzle, there is a drop in static 
pressure, which is accompanied by an increase in absolute 
velocity [4]. Once the �uid enters the rotor, its absolute velocity 
decreases, while the relative velocity and static pressure remain 
unchanged. For optimal energy transfer, the blades should 
operate at roughly half the velocity of the gas jet. In the case of 
an impulse turbine, the degree of reaction is zero, indicating 
that the entire enthalpy drop occurs within the nozzle, leading 
to a very high exit velocity. Assuming the rotor operates at a 
constant enthalpy, the relative velocity at the rotor's entry point 
is equal to the relative velocity at its exit. To achieve optimal 
performance, the velocity at the exit must be directed axially. 

In contrast, a reaction turbine generates power through a 
combination of friction and interaction with �owing water  [4]. 
�e runner is directly exposed to the �uid �ow, without making 
individual contact with each blade [4]. Reaction turbines are 
employed in locations characterized by higher �ows and lower 
heads. �ey consist of rows of movable blades and stationary 
blades that function as nozzles [4]. Steam expansion in a 
reaction turbine occurs both in the stationary and moving 
blades, leading to an approximately equal distribution of 
pressure drop between the rotating and stationary blades. As 
steam expands across the moving blades, it exits as a 
high-velocity jet that imparts mechanical work to the turbine 
sha� [4]. �e most prevalent types of reaction turbines are the 
Francis and Propeller (including Kaplan) turbines. A propeller 
turbine typically features a runner with three to six blades, with 
the working �uid constantly in contact with all the blades [4]. In 
reaction turbines, the runner leverages both kinetic and 
potential energies. As the working medium passes through the 
stationary components of the turbine, not all of its pressure 
energy is converted into kinetic energy. However, as it moves 
through the rotating components, the pressure energy 
undergoes conversion into kinetic energy [4]. �is transition 
from potential to kinetic energy is gradual.

Literature Review
Date et al. (2009) conducted a study titled "Design and Cost 
Analysis of Low Head Simple Reaction Hydro Turbine for 
Remote Area Power Supply", focusing on evaluating the 
performance characteristics of a simple reaction hydro turbine 
intended for power generation in remote areas [5]. �e 
researchers developed governing equations for an ideal 
scenario, assuming no frictional losses, using the principles of 
mass, energy, and momentum conservation. �eir work also 
introduced the innovative concept of a cross-pipe rotor 
designed for electricity generation in isolated locations  [5]. �e 
study included the selection of an optimized rotor geometry 
speci�cally tailored for a working head of 5 meters. 

Experiments were carried out for heads between 2 and 5 meters, 
and the experimental data were compared with theoretical 
predictions [5]. A signi�cant �nding of the study was the 
observed increase in mass �ow rate, attributed to the centrifugal 
suction e�ect at elevated rotational speeds.

Arti�cial Neural Networks (ANNs) are computational 
models designed to mimic the functionality of the human brain 
by interpreting and processing data [6]. �ese networks are 
composed of interconnected layers of processing units, o�en 
referred to as neurons, which transmit information through 
connections known as synapses. Each connection is 
characterized by a speci�c weight, which in�uences the strength 
of the signal being passed. �e process of adjusting these 
weights to establish a relationship between the network's inputs 
and outputs is known as supervised training. Unlike traditional 
computer programs that are explicitly coded for speci�c tasks, 
ANNs learn to recognize patterns from the data they are trained 
on. A�er training, they can classify or predict new data based on 
these learned patterns. ANNs are versatile and can learn from a 
wide array of data sources, including physical models, 
real-world systems, and computer simulations, making them 
powerful tools for managing complex input-output 
relationships  [6]. 

In various engineering and thermal science applications, 
ANNs have proven their utility. For example, Rahman et al. 
(2017) explored the use of ANNs to predict the cooling load in a 
standing-wave thermo-acoustic refrigerator [7]. �ey employed 
a novel approach using a multi-layer feed-forward network 
combined with a back- propagation algorithm. �eir study 
demonstrated that the neural network model they developed 
achieved a high level of accuracy, with an average prediction 
error of just 0.149% when compared to experimental results. 
�is �nding underscores the potential of well-trained neural 
network models to deliver precise and reliable predictions [7].
M. Machesa et al. (2021) explored the use of various so� 
computing techniques, including Arti�cial Neural Networks 
(ANN) optimized by Particle Swarm Optimization (ANN-PSO) 
and the Adaptive Neuro-Fuzzy Inference System (ANFIS), to 
predict the oscillatory heat transfer coe�cient in 
thermo-acoustic heat exchangers [8]. �eir �ndings indicated 
that these methods could achieve high accuracy in modelling 
the oscillatory heat transfer coe�cient, underlining their 
potential for applications in thermal science [8].

Similarly, Cenk et al. (2007) employed ANNs in multiple 
heat engineering applications, such as Stirling engines and 
thermo-acoustic studies [9]. �ey developed an ANN model to 
predict emissions and engine performance in a gasoline engine, 
emphasizing the versatility of ANNs as tools for modeling 
traditional systems. Anas et al. (2007) also utilized ANN to 
estimate cooling loads in a standing-wave thermo-acoustic 
refrigerator and to predict the oscillatory heat transfer 
coe�cient in thermo-acoustic heat exchangers, with their 
results aligning well with experimental data [9].

Özgören et al. (2013) utilized arti�cial neural networks 
(ANNs) to forecast the power output and torque of Stirling 
engines based on various operational parameters, showing a 
strong correlation between their experimental data and the 
model's predictions [10]. �is study highlighted the 

e�ectiveness of ANN models in predicting energy system 
performance. Similarly, Alamir (2021) developed an ANN 
model to estimate the cooling temperature and overall 
performance of a standing-wave thermo-acoustic refrigerator 
[11]. His model demonstrated a high level of accuracy, 
suggesting that ANN could be a valuable tool in future 
thermo-acoustic refrigerator (TAR) modeling e�orts. Jiang et 
al. (2020) also employed ANN models to predict the output 
power of alpha-type Stirling engines under di�erent operating 
conditions, where their well-calibrated model o�ered quick and 
precise estimations [12]. �ey further enhanced the accuracy of 
these models, showcasing the adaptability of ANNs in solving 
intricate issues related to Stirling engines. Ye et al. (2021) 
combined response surface methodology with ANN to develop 
predictive models for a nonlinear free-piston Stirling engine, 
emphasizing how the choice of input parameters signi�cantly 
in�uences engine performance [13,14]. Jiang et al. (2020) 
applied arti�cial neural network (ANN) models, enhanced with 
extended datasets that included both isothermal analytical and 
experimental data, to forecast the output power of Stirling 

engines  [12]. �eir optimized models, developed in MATLAB, 
demonstrated superior performance compared to standard 
ANN models. For the Ford 4-215 engine, the improved models 
reduced the average prediction error by over 50% accuracy and 
reliability of these models in predicting Stirling engine 
performance. Elaziz et al. (2019) introduced an improved 
adaptive neuro-fuzzy inference system (ANFIS) model 
optimized using the crow search algorithm to predict 
oscillatory heat transfer coe�cients in thermo-acoustic heat 
exchangers, outperforming traditional ANFIS models [15]. �is 
approach illustrated the high accuracy potential of ANN-based 
methods in forecasting thermal properties. Lastly, Cai et al. 
(2022) investigated the application of machine learning 
techniques, including neural networks, to optimize nonlinear 
energy harvesting systems under periodic impulse excitation 
[16]. �eir study emphasized the importance of impulse 
direction in electricity generation and validated the 
e�ectiveness of neural network models in optimizing such 
systems. Table 1 presents a detailed comparison of the strengths 
and weaknesses of ANN, ANFIS, and ANN-PSO models.

Experimental procedure 
�e process commences with the execution of experiments on 
both reaction and impulse turbine units, as depicted in Figure 2. 
�ese experiments were conducted under standard 
atmospheric pressure and at ambient room temperature. Water 
served as the working �uid for the experiments [17]. Prior to 
data collection, both the reaction and impulse turbines were 
brought to a stable operating speed, and �ow measurements 
were carefully monitored to verify their stability [17].

Artificial Neural Network (ANN) 
Two Arti�cial Neural Network (ANN) models were developed 
using MATLAB, both featuring the same input and output 
layers but di�ering in their hidden layer con�gurations. To 
determine the optimal number of hidden layers, several 
simulations were run, with iterative adjustments made to the 
number of neurons in the hidden layers. �e neural �tting tool 
was used to build and train the networks, facilitating data 
selection, performance evaluation, and assessing results 
through regression analysis and mean square error (MSE) 
metrics [18]. A two-layer feed-forward network structure was 
employed, incorporating a linear output neuron and sigmoid 
neurons in the hidden layers. �e models were trained using a 
dataset consisting of 197 data points sourced from turbine 
machines. Of these, 120 samples were from a reaction turbine 
and 77 from an impulse turbine.

�e Levenberg-Marquardt backpropagation algorithm was 
selected for training due to its e�ectiveness in processing the 
data. �e dataset was divided into training, validation, and 
testing sets. For the reaction turbine, 66 samples (55%) were 
used for training, 18 samples (15%) for validation, and 36 
samples (30%) for testing. Similarly, for the impulse turbine, 42 
samples (55%) were allocated for training, 12 samples (15%) for 
validation, and 23 samples (30%) for testing. Figures 3 and 4 
show the structures of the neural networks used in the study. 
Figures 5 and 6 demonstrate the step-by-step procedure used to 
predict hydraulic power in both reaction and impulse turbines, 
utilizing Arti�cial Neural Network (ANN) models. Prediction 
accuracy was evaluated by calculating the prediction error (Pe) 
and the average prediction error (APe), using the equations 
described in references [19]: 

                                                        (2)

                                                        (3)

Adaptive neuro fuzzy-inference system (ANFIS)
�e experimental dataset was divided into two separate subsets: 
one for model training and the other for testing. �is approach 
allowed for a comprehensive evaluation of the ANFIS model’s 
accuracy in predicting hydraulic power. �e testing set included 
30% of the experimental data, speci�cally containing the 
minimum and maximum values, while the remaining 70% was 
used for training. �e architecture of the ANFIS model is 
in�uenced by key factors such as the selection of membership 
functions (MFs), the number of MFs, and the chosen 
optimization method [22]. In this study, three MFs were applied 
to each input variable. Grid partitioning was utilized as the MF 
type, and a hybrid algorithm was employed for the training 
process. MATLAB was used to implement these procedures. 
�e model's input variables included �ow rate, pressure, and 
torque, while hydraulic power was the output. Figure 7 
illustrates the speci�c structure of the ANFIS model. Figure 8 
depicts a sequential process used to predict hydraulic power for 
both impulse and reaction turbines, utilizing an ANFIS model. 
�e data preparation process ensured a clear distinction 
between the training and testing phases, aligning with the 
architecture of the algorithm.

Figure 1. Schematic representation of a Pelton turbine [3].

Motivations
�ere is a pressing need to innovate techniques for enhancing 
the analysis of reaction and impulse turbines. �e driving force 
behind this research endeavor is to investigate the potential of 
machine learning models in accurately predicting the hydraulic 
power output of both reaction and impulse turbines. �is study 
delves into the performance analysis of Arti�cial Neural 
Networks (ANN), Adaptive Neuro-Fuzzy Inference System 
(ANFIS), and ANN with Particle Swarm Optimization 
(ANN-PSO). �ree critical parameters in�uencing turbine 
performance have been taken into account: the �ow rate of the 
working �uid, inlet pressure, and torque. Hydraulic power has 
been chosen as the primary performance indicator for the 
turbines. �e proposed approach outlined in this study holds 
the promise of signi�cantly enhancing the analysis of reaction 
and impulse turbines. �is advancement could lead to a 
substantial reduction in the need for time-consuming 
experiments, o�ering an alternative and potentially more 
e�cient modelling approach for these turbines.  

Proposed Approaches
�is section details the methods used for data collection as well 
as the machine learning algorithms applied to predict the 
hydraulic power output of both reaction and impulse turbines. 
�e proposed work�ow for this methodology is presented in 
Figure 2.

Hybrid ANN-PSO
�e methodology proposed in this study aims to signi�cantly 
improve the prediction accuracy of hydraulic power for both 
impulse and reaction turbines. �is is achieved by integrating 
an Arti�cial Neural Network (ANN) model with Particle Swarm 
Optimization (PSO), leading to the development of a hybrid 
approach referred to as ANN-PSO. For the impulse turbine, the 
dataset consisted of seventy-seven (77) data points, which were 
split into two subsets: one for training and the other for testing. 
Fi�y-four (54) data points were allocated for training, while 
twenty-one (21) were used for testing. Similarly, for the reaction 
turbine, the dataset comprised eighty-four (84) data points, 
with forty-eight (48) used for training and thirty-six (36) 
reserved for testing.

�e PSO parameters, including the number of neurons in 
the hidden layer (n), the swarm size (N), and the acceleration 

factors (𝐶1 and 𝐶2), were 
�ne-tuned to maximize the 
model’s performance. Extensive 
testing was conducted using 
various parameter combinations 
to establish a robust network 
con�guration. Speci�cally, six 
di�erent neuron values (ranging 
from 5 to 10), swarm sizes 
varying from 10 to 400, and 
acceleration factors (𝐶1 and 𝐶2) 
within the range of 1 to 3 were 
tested. �e model was trained for 
1000 iterations. Figure 9 provides 
a detailed step-by-step procedure 
for predicting hydraulic power 
for both turbine types using the 
hybrid ANN-PSO model.

Results and Discussion 

�is section presents the experimental results related to both 
reaction and impulse turbines. A total of 197 data points were 
utilized to develop the ANN, ANFIS, and ANN-PSO models. 
Several key parameters a�ecting turbine operation were 
analyzed, including �ow rate, inlet pressure, and torque, with 
hydraulic power serving as the main performance indicator. �e 
detailed experimental data for the impulse and reaction 
turbines are provided in Table 2 and Table 3, respectively.

Analysis of impulse turbine
�is subsection provides a detailed discussion of the 
experimental results obtained for an impulse turbine (IT).

Analysis of ANN-PSO model (Impulse turbine)

�e performance of the ANN-PSO hybrid model across various 
con�gurations for both training and testing is summarized in 
Table 4. �e best results for training and testing are highlighted 
in bold for easy reference.

According to the �ndings presented in Table 4, the optimal 
setup for predicting the hydraulic power of the impulse 
turbine was achieved with a swarm population size (SPS) of 
400, eight neurons (NON), and acceleration factors (𝐶1𝑎𝑛𝑑 𝐶
2) set to 1 and 2.5, respectively. �is con�guration resulted in 
a mean square error (MSE) of 0.0577 and a training 
regression (𝑅2) value of 0.93170. During testing, the optimal 
con�guration involved a swarm population size of 400, six 
neurons, and acceleration factors (𝐶1𝑎𝑛𝑑 𝐶2) set to 1 and 
2.25, respectively. �e testing phase achieved an R² value of 
0.9933.

Figures 10 and 11 illustrate the system’s performance 
during training and testing for the best-performing 
con�guration. �e ANN-PSO model demonstrated a high 
level of accuracy in predicting the impulse turbine’s hydraulic 
power, as shown by the high regression values in both the 
training and testing phases. Additionally, Figure 12 provides 
a graphical comparison of the experimental output data with 
the model’s predictions, showing that the predicted hydraulic 
power closely aligns with the measured values, with a 
maximum deviation of 12.4%. It is important to note that the 
results in Figure 12 are speci�c to the testing phase.

ANN model prediction (Impulse turbine)

�e Arti�cial Neural Network (ANN) model was applied to 
predict the hydraulic power of an impulse turbine. �e 

predictions, demonstrating a similar pattern between the 
two. �is close alignment highlights the e�ectiveness of the 
ANN in reliably estimating the impulse turbine's 
performance.

average prediction error, calculated as the 
di�erence between the experimental data 
and the predicted values, was plotted 
against the number of neurons in the 
hidden layers, as shown in Figure 13. �e 
�ndings reveal that the minimum 
prediction error occurred with twelve (12) 
neurons. As a result, the optimal network 
con�guration for predicting the turbine's 
hydraulic power comprises three input 
nodes and one output node, forming a 
3-12-1 architecture.

�e suitability of this model is further 
supported by the regression value 
displayed in Figure 14. Figure 15 compares 
the experimental data to the ANN 

ANFIS model prediction (impulse turbine)

�e experimental data from the impulse turbine 
was compared with the predictions generated by 
the ANFIS model, as depicted in Figure 16. A 
close analysis of these graphical results reveals a 
strong correlation between the trends, with a 
maximum deviation of 7.619%. �is level of 
consistency demonstrates the ANFIS model’s 
accuracy in predicting hydraulic power. �e 
model's e�ectiveness is further reinforced by the 
exceptionally high regression value of 0.9992, 
shown in Figure 17.

Additionally, Figure 18 presents a 3D 
surface plot that illustrates the relationships 
between input and output parameters. �is 
visualization highlights the interactions between 
�ow rate, pressure, torque, and hydraulic power, 
capturing the intricate dynamics within the 
system.

Comparison of results for ANN, ANFIS, and ANN-PSO 
(Impulse turbine)
�e predictive performance of the three models ANN, ANFIS, 
and ANN-PSO is outlined in Table 5, which presents their 
respective mean squared error (MSE) and regression 
coe�cients (𝑅2). �e ANN model achieves the highest 𝑅2 value 
of 0.99973, while ANFIS follows with a regression value of 
0.99920. In comparison, the ANN-PSO model has a slightly 

lower 𝑅2 of 0.9933. As illustrated in Figures 19 and 20, the 
predicted outputs from all three models ANN, ANFIS, and 
ANN-PSO are in close agreement with the experimental data 
(targets), as con�rmed by the deviation graph in Figure 20. �e 
ANN-PSO model, however, shows the largest deviation at 
12.4%, followed by ANFIS with a deviation of 7.62%. �ese 
�ndings provide a detailed assessment of the models' accuracy 
and predictive capabilities.

Analysis of reaction turbine
�is subsection provides an in-depth discussion of the 
experimental results pertaining to a reaction turbine 
(IT).

Analysis of ANN-PSO model (reaction turbine)

Table 6 presents the performance results of the ANN-PSO 
hybrid model across di�erent con�gurations, evaluating both 
training and testing phases. �e most optimal outcomes for both 
training and testing are highlighted in bold within the Table.

Based on the data in Table 6, the optimal con�guration for 
predicting the hydraulic power of a reaction turbine was 
achieved using six neurons (NON), a swarm population size 
(SPS) of 400, and acceleration coe�cients (𝐶1𝑎𝑛𝑑 𝐶2) set at 1 
and 2.25, respectively. �is setup resulted in a mean square 
error (MSE) of 9.1106e-04 and a training regression value of 
0.99759. For the testing phase, the best results were obtained 
with a population size of 20, �ve neurons, and acceleration 
coe�cients (𝐶1𝑎𝑛𝑑 𝐶2) of 2.25 and 2. �e corresponding 𝑅2
value during testing was 0.9972. Figures 21 and 22 illustrate the 
training and testing responses of the model. �e ANN-PSO 
model exhibited strong predictive capability for hydraulic 
power, as re�ected in the high correlation between predicted 
and actual data during both training and testing, as shown in 
Figures 21 and 22. Figure 23 o�ers a graphical comparison of 
the experimental results and the model’s predictions. �e 
model's predictions aligned closely with the experimental data, 
with a maximum deviation of 6.0%. Notably, the results in 
Figure 23 are speci�c to the testing phase.

ANN model prediction (reaction turbine)

�e Arti�cial Neural Network (ANN) model successfully 
predicted the hydraulic power of a reaction turbine. �e average 
prediction error between experimental data and predicted values 
is visualized in Fig 24. Upon analyzing the data in Fig. 24, it 
becomes evident that the lowest prediction error occurred when 
using fourteen (14) neurons in the hidden layer. �e optimal 

network architecture for modeling the hydraulic power was 
determined to be a 3-14-1 con�guration, with three input nodes 
and one output neuron. �is con�guration was validated by the 
regression value shown in Fig. 25, demonstrating the model's 
adequacy. Furthermore, Fig. 26 compares the experimental data 
with the ANN predictions, showing strong agreement between 
the two, which con�rms the accuracy of the ANN model in 
estimating the hydraulic power of the reaction turbine.

ANFIS model prediction (Reaction turbine)

�e comparison between the experimental data of the reaction 
turbine and the corresponding ANFIS predictions is illustrated 
in Fig 27 notably, the agreement between these two sets of 
results is reasonably good, despite the highest observed 
discrepancy being 29.579%. �is positive correlation is further 

supported by the highest regression test value recorded at 
0.9559, as depicted in Fig 28. A 3D surface plot, presented in Fig 
29, o�ers a comprehensive view of the input/output correlation. 
�is visualization highlights the intricate relationship between 
�ow rate, pressure, torque, and hydraulic power, providing 
valuable insights into their interdependence.

Comparison of results for ANN, ANFIS, and ANN-PSO

Table 7 presents a comparative analysis of the predictive 
performance of three models: ANN, ANFIS, and ANN-PSO, 
highlighting their mean squared error (MSE) and regression 
coe�cient (R²). Upon evaluating the results, it becomes clear 
that the ANN-PSO model exhibits the highest regression test 
value of 0.99720, signifying its superior predictive accuracy. �e 

ANN model follows closely with a regression value of 0.99118. 
In contrast, the ANFIS model shows the lowest regression test 
value of 0.9559. Further examination of Figures 30 and 31 
reveals that the predicted values from all three models, ANN, 
ANFIS, and ANN-PSO closely match the experimental (target) 
data. �is is further corroborated by the deviation graph in 
Figure 31, which shows that the ANFIS model has the highest 
deviation at 29.58%.

Conclusions
�e experiments for both reaction and impulse turbines were 
conducted under standard conditions of atmospheric pressure 
and ambient room temperature, using water as the working 
�uid. �e dataset comprised a total of one hundred and 
ninety-seven (197) data points, with one hundred and twenty 
(120) speci�c to the reaction turbine, and seventy- seven (77) 
pertaining to the impulse turbine. Employing MATLAB, this 
data was utilized to construct and evaluate models employing 
ANN, ANFIS, and ANN-PSO. In terms of regression values 
(R²), the results were notable. �e ANN- PSO model for the 
reaction turbine exhibited a high regression value of 0.99560, 
demonstrating its e�ectiveness. Meanwhile, the ANN model for 
the impulse turbine achieved an even higher regression value of 
0.99973, showcasing its exceptional predictive power. For 
deeper insights, future analyses could involve expanding these 
models to incorporate additional input and output parameters. 

Moreover, integration with other advanced machine learning 
techniques like Fuzzy Mamdani and genetic algorithms could 
further optimize their structures and performance. 
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